Reliable road traffic state identification systems should be designed to provide accurate traffic state information anywhere and anytime. In this paper we propose a road traffic classification system, based on traffic variables estimated using the second order Divided Difference Kalman Filter (DDKF2). This filter is compared with the Extended Kalman Filter (EKF) using both simulated and real-world dataset of highway traffic. Monte-Carlo simulations indicate that the DDKF2 outperforms the EKF filter in terms of parameters estimation error. The real-word evaluation of the DDKF2 filter in terms of classification rate confirms that this filter is promising for real-world traffic state identification systems.
overcome the EKF shortcomings. Thai and Bayen (2015) presented a complexity analysis of both the EKF and the EnKF filters for traffic density estimation. The EKF was found to be significantly faster than the EnKF with 100 samples.
In this paper, we propose to use the second-order divided difference Kalman (DDKF2) filter for road traffic parameters estimation. The DDKF2 filter was proposed by Norgaard et al. (2000) ; it is based on the second order polynomial approximation, derived with Stirling's interpolation formula, in contrast to the EKF, which is based on polynomial approximation obtained with Taylor formula, it requires no derivatives calculation.
The DDKF and the DDKF2 filters performances have been investigated in many applications (Jwo et al., 2010; Ahmadi et al., 2012) ; the results of investigations indicate that these filters outperform the EKF filter and the UKF filter in most of cases. The first and the second order divided difference filters were compared in (Ahmadi et al., 2012) , based on the estimation accuracy; the main conclusions have recommended the DDKF2 filter for many applications (Salhi and Bouani, 2017; Wu and Han, 2008 ). This filter is adopted in this paper and compared to the EKF filter, in terms of traffic parameters estimation accuracy.
The rest of this paper is organized as follows: Firstly, the proposed approach is detailed in section 2. In section 3, the dynamic traffic model is described, and in section 4, the main steps of the EKF and the DDKF2 filters are presented. Section 5 is devoted to the presentation and discussion of the experimental results, and finally, some conclusions are drawn in section 6.
The Proposed Approach
The proposed framework is presented in the Figure 1 . A fixed camera sensor is used in this work to record the traffic videos that are properly processed to automatically measure the mean traffic density and the mean traffic speed using image-processing techniques; then a macroscopic traffic flow model is used to describe the dynamic behaviour of the traffic flow along a freeway stretch. The DDKF2 filter is employed to estimate the mean traffic speed and the mean traffic density. Based on these estimates, the SVM classifies the traffic state into two main classes: free and congested. In the following sections, we will describe the macroscopic model and the traffic estimation methods. The traffic measurements and the classification framework will be briefly described in the results section. 
Macroscopic Freeway Traffic Flow Model
To describe the dynamic behaviour of traffic flow in a given freeway section of the road, we employ the second order macroscopic traffic flow model described by Papageorgiou (2003, 2005) .
Based on this model, the freeway is divided into a number of sections; the length of section i is denoted ∆ . The time discretization is based on a model time step, denoted T. The aggregated traffic parameters are calculated according to the following equations:
. . ,
where: -is the traffic density in section i at time kT, -is the average speed in section i at time kT, -is the traffic flow in section i at time instant kT, -is the on-ramp inflow, , -are, respectively, the free speed and the critical density, -is an exponent parameter and denotes the number of lanes in section i, , and δ -are, respectively, a time constant, an anticipation constant, and an on-ramp constant, x -is a constant parameter used to keep the third and fourth terms limited when becomes small, and -are zero mean white Gaussian noise, added to reflect the modelling inaccuracies. Eq. (1) describes the conservation of vehicles; it is thus considered as not corrupted by noise.
The Extended Kalman Filter and the Divided Difference Kalman Filter for Traffic Parameters Estimation
In order to evaluate the DDKF2 filter for road traffic estimation, we compare its estimation accuracy to that of the EKF; both filters are described in this section.
The EKF filter
The EKF filter (Bar-Shalom et al., 2001) is well documented; we thus just summarize the algorithm steps in the following figure: 
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-f is the nonlinear function that relates the state vectors x(k) and x(k-1), with 1 1 , being the process noise.
-A denotes the matrix of the partial derivatives of f with respect to x, defined as: ,
-H denotes the measurement matrix, given by:
-R and V represent the measurement noise and the process noise covariance matrices.
The DDKF2 filter
The DDKF2 filter is based on the multi variables extension of Stirling's interpolation formula, rather than the derivative based Taylor series approximation. The DDKF2 filter is simple to implement, as no derivatives calculation is required. The DDKF2 algorithm designed for road traffic estimation consists of the following 5 steps:
Set , , where is the Cholesky factorization of the matrix: ℎ ;
 Calculation of the predicted state vector, , and its covariance matrix :
where , with and being, respectively, the mean traffic speed and the mean traffic density at time k; is given in Eq. (1) and Eq. (2); is the state vector dimension; ℎ is a constant whose choice is discussed in (Norgaard et al., 2000) and , is the jth column vector of matrix ;
 Measurement prediction
where H is the measurement matrix defined previously;
,
where is the measurment vector, whose elements are the measured mean traffic speed and the measured mean traffic density, at time instant k, and I is the identity matrix.
Results and Discussion
Evaluation using simulated data
Firstly, we implement and evaluate the proposed traffic state estimation system using simulated data, generated by means of the macroscopic model presented in section 3.
The unknown traffic model parameters presented in Eq. (3), namely the free speed and the density at capacity , were calibrated by minimizing the dispersion between the model outputs and the sensor measurements, using the Complex based optimization algorithm, developed by Box (1956) . This algorithm is widely used in the literature, especially for road traffic modelling (Kotsialos and Papageorgiou, 2002; Ouessai and Keche, 2015) . The modelling task was achieved by using the measured parameters of the exit section obtained from the real time video traffic data set, presented in section 5.2.1. The obtained functional form is given below:
2.76 * 10 * exp 0.5 * 3 ⁄ .
The macroscopic model is used to generate the simulated real time traffic speed and density in the middle section presented in Figure 1 . Then, the simulated measurements were obtained by adding random noises, with means 0.5 and 1000, to the real speed and density, respectively.
The selected parameters for the macroscopic dynamic model are: 1, Δ = 320 pixels, T=0.01 hour, 0.25 hour, 35 /ℎ , x= 13. 1.4. We carried out 100 Monte-Carlo runs to estimate the mean traffic speed and density in the middle section using the EKF and the DDKF2 filters.
The measurement and the process noise covariance matrices for the both filters were, respectively, set to: 0.25 0.1 0.1 1 6 and 0.01 0.01 0.01 1 . For the DDKF2 filter we take ℎ 10.
All the experiments, in this paper, are conducted in MATLAB environment (version R2017b), running on a laptop with 2.20 GHZIntel® Core i7-2670QM CPU and a 6.00 GB of RAM.
The obtained results of traffic parameters estimation using EKF and DDKFS filters are presented in the Figures 3 and 4 . The Table 1 shows the Mean Absolute Percentage Error (MAPE), obtained by the two filters. The MAPE is defined by:
where and are, respectively, the variables (speed or density) estimated by the EKF or the DDKF2 and the their real values. These results show that the DDKF2 filter is able to estimate the traffic speed and density more accurately than the EKF filter. As traffic speed and density are the essential traffic congestion indicators (Al-Sobky and Ragab, 2016), the DDKF2 is expected to be better than the EKF for traffic state classification.
Evaluation of the traffic state estimators using a real time freeway traffic dataset
In the following, we present the results of the evaluation of the EKF and DDKF2 traffic state estimators by means of a real time freeway traffic dataset, described below.
Video dataset
The existing public UCSD (2005) dataset is unsuitable for our application, since it contains videos from only one camera in one section of the road. The most suitable dataset that we could find for our problem is the US Highway 101 (US 101) video dataset, also known as the Hollywood Freeway, which was collected by researchers of the NGSIM program in Los Angeles (NGSIM, 2005) . This dataset contains videos from several cameras, which cover a large-scale highway; each camera is mounted on one section of the highway. The extent of the US 101 studied area is shown in Figure 6 . The traffic parameters inside section 2, estimated using the EKF or the DDKF2 filters, are fed to a SVM, to classify the traffic state as free or congested. Firstly, each video footage of 15 min is divided into sequences of 5 seconds; in total, we have 166 video sequences for each section of the road, each video having a resolution of 320 × 240 pixels, with 58 to 61 frames captured at 10 frames per second. Secondly, the hand-labelled ground truth is established to describe the traffic state in section 2; the 166 videos are grouped into two classes: 109 videos of heavy (congested) traffic (slow or stop and go speeds), and 57 videos of light (free) traffic (normal speed). In Figure 7 , we show a representative set of clips from this database. 
Traffic data collection from video sequences
The collection of the raw variables of the road traffic (mean traffic speed and mean traffic flow) from the video sequences in each road section was performed automatically, using the image processing method presented in (Ouessai et al., 2013a; 2013b) . This method was evaluated by Ouessai et al. (2013b) , using the UCSD dataset, in order to accurately extract the macroscopic traffic variables, without the need for motion detection and tracking.
The mean traffic density was obtained using the fundamental relation: / . The side road in section 2 was separately segmented and its traffic flow was measured using the same method.
Implementation of the EKF and the DDKF2 filters
The parameters used in the EKF and DDKF2 filters were tuned so that each filter achieves its best performance. The parameters of the macroscopic traffic flow model were set as follows:
1, Δ =320 pixels, T=0.01 hour, 0.25 hour, 35 /ℎ , x= 9 for the EKF and x=13 for the DDKF2, and 1.4. In both filters, the initial state vector was set equal to the first measurement vector, and the covariance matrix was set to:
0.01 0.1 0.1 1 .
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The measurement and the process noise covariance matrices for the EKF filter were, respectively, 
SVM classification
The SVM classifier is used in this work to classify the real-time traffic state into two classes: free and congested, these two main classes are the most needed by road users.
Using trial and error, it was found that for the SVM, a radial basis function Kernel (RBF) with 0.2 gives the best results. The entire dataset was split unequally, with 75% used for training, and 25% reserved for testing. The traffic classification results obtained with the EKF and the DDKF2 are presented in Table 2 . These results show that the SVM classification rate, obtained with the mean traffic speed and density estimated by the DDKF2 filter, is higher than the classification rate obtained using the mean traffic speed and density estimated by the EKF filter. Both filters improve the results of classification obtained by using the raw measured parameters.
Conclusion
This paper investigated the performance of the DDKF2 filter for road traffic parameters estimation over a large-scale highway. It was compared, with the performance of the EKF filter, using both simulated and real-time data. The carried out Monte-Carlo simulations show that the DDKF2 filter has a better estimation accuracy, compared to the EKF. The real-time evaluation was performed using the US 101 video dataset. The estimated parameters were fed to a SVM classifier in order to classify the traffic state as congested or free. The classification rate obtained using the DDKF2 estimates is higher than the one obtained using the EKF estimates. Therefore, it can be stated that the DDKF2 is a promising filter for road traffic state estimation.
